AbstractÀA design optimization based on coupled solidÀfluid analysis is investigated in this paper to achieve specific flow rate through a peristaltic micropump. A micropump consisting of four pneumatically actuated nozzle/diffuser shaped moving actuators on the sidewalls is considered for numerical study. These actuators are used to create pressure difference in the four pump chambers, which in turn drives the fluid through the pump in one direction. Genetic algorithms along with artificial neural networks are used for optimizing the pump geometry and the actuation frequency. A simple example with moving walls is considered for validation by developing an exact analytical solution of the NavierÀStokes equation and comparing it with numerical simulations. Possible applications of these pumps are in microelectronics cooling and drug delivery. Based on the results obtained from the fluidÀstructure interaction analysis, three optimized geometries result in flow rates that match the predicted flow rates with 95% accuracy. These geometries need further investigation for fabrication and manufacturing issues.
INTRODUCTION

I
n recent years, methods to transport small volumes of fluid on the order of 1 cm 3 from one point to another on a laboratory-on-a-chip to provide a means of conducting laboratory experiments have been of tremendous interest to researchers. There seems to be a never-ending demand of these methods in the fields of biology, medicine, space exploration, microelectronics cooling and others. Since the application of such devices is far more than we can think of today in physical and engineering systems, these devices have always been a favorite to many scholars for study.
The small fluid volumes (1 mL to 50 mL) in the above mentioned systems are often pumped, controlled, and manipulated during operation. Macroscale pumping methods such as axial and centrifugal pumping are not suitable for pumping at such small scale, since the physics of microscale flows is dominated by surface effects [1] . The flow in miniature flow devices is highly viscous ðRe 1Þ, that is, viscous forces dominate considerably over (or are of the order of) inertia forces; macroscale pumping methods fail to function, since they are dependent upon fluid inertia to perform. In such a scenario, investigation of alternative pumping strategies has become imperative in recent times. Microfluidic transport requirements such as these can sometimes be met by taking advantage of passive mechanisms, most notably surface tension [2, 3] and viscosity [4] . For other applications, macroscale pumps, pressure/vacuum chambers, and valves provide adequate microfluidic transport capabilities [5] [6] [7] [8] . Yet for many microfluidic systems, an active pump, the size of which is comparable to the volume of the fluid it pumps, is desired.
Dispensing therapeutic agents into the body has long been a vision and goal for the scientists, especially micropump designers. The idea dates back to early 1980s when Jan Smits developed the micropump intended for use in controlled insulin delivery systems for maintaining diabetics' blood sugar levels without frequent needle injections [9] . Since then, micropump technology has improved dramatically and has flourished. Today micropumps can pump metered amounts of a drug into a microneedle system, which is suitable for delivering modern bio-technological drugs that cannot be delivered by conventional delivery techniques [10] . The small size and high precision of micropumps have made them useful for drug dosing for cancer patients and other applications such as chemotherapy and insulin delivery for diabetic patients [9] . The use of micropumps in dispensing engineered macromolecules into tumors or the bloodstream is unprecedented [11, 12] . Though micropumps are incapable of providing high volumetric flow rates, which are not likely to be required of these miniature devices, it is the precise metering of the drug that makes increases in their usage manifest [11, [13] [14] [15] .
Simulations of diaphragm-based micropumps that use passive valves have been pursued quite extensively in the literature. While finite element [16] [17] [18] and boundary element [17, 19] methods have been used to study the motion of diaphragm actuators in such pumps, lumped-parameter models have been commonly used to simulate the behavior of complete pumps consisting of diaphragm actuators and check valves. Recently, fluidÀstructure interaction studies have been performed [20, 21] . There have been several attempts in the area of shape optimization. Some of the works include optimizing the shape of check valves [22] and topology optimization of electro-osmotic pumps [23] . But there have been limited attempts to optimize passive micropumps, where flow rectification is highly dependent upon the shape of the pump, with no check valves. Therefore, there is a need to address the issue of shape optimization in passive pumping devices such as valveless micropumps and peristaltic pumps.
The objective of the current study is to optimize the shape of the peristaltic micropump presented in [24] for different flow rate control requirements. This is done to determine which shape is best suited for multiple applications. Due to time and cost involved in fabricating multiple pumps to investigate their performance, a design optimization study is performed to predict the efficient shape. In order to understand the complete physics of the solid and fluid motion, a coupling study simulating the solid via finite element modeling is performed to obtain the displacement boundary conditions for CFD simulations. Genetic algorithms with artificial neural networks are used for shape optimization.
GEOMETRY OF MICROPUMP
In the current study, we focus on a pneumatically actuated series of diaphragms. When actuated under a phase difference, the series of diphragms generates a peristaltic motion [24] . It is because of this special type of motion; fluid is propelled from one end to the other end of the pump. Fig. 1 shows the dimensions of the micropump design studied in this work. The lengths D 1 , D 2 , and D 3 are the ones to be optimized. In the initial design considered, their values are D 1 ¼ 3 mm, D 2 ¼ 6 mm, and D 3 ¼ 6 mm. A change of these lengths will provide different lengths for the diaphragms, which in turn have different natural frequencies and shapes for oscillations, resulting in a perturbed flow rate. The thickness of the diaphragm is 0.04 mm.
The micropump consists of four PDMS diaphragms, which is a highly flexible material with density 965 kg/m 3 , Young's Modulus 270 kPa, and Poisson's ratio 0.49. These diaphragms are modeled as 2D beams operating under the action of a timevarying load. The amplitude of the diaphragms displacement at any given time will have an effect on the amount of the fluid volume displaced, which will determine the flow rate along with other effects such as the phase difference of the oscillations between two successive diaphragms. The model of the beam with clamped ends under the action of the oscillatory load is described in detail in [25] , which provides a reasonable prediction of the first frequency of the actuator. The initial geometry was used as the baseline and the goal of the optimization process is to obtain different pump geometries with a specific flow rate.
MATHEMATICAL MODELING
In this section, mathematical models and relevant equations of motion are specified for diaphragm and fluid present in the pump chamber.
A. Solid Analysis
We consider the response of the moving actuator modeled as a beam clamped at 
where E is the modulus of elasticity, IðxÞ is the area moment of inertia, dðx; tÞ is the deformation with time, f ðx; tÞ is the force per unit length, mðxÞ is the mass density, and EI ðxÞ is also known as the flexural rigidity of the solid. The above equation is a bi-harmonic equation in x; therefore the four boundary conditions are listed as dðx; tÞ ¼ 0; @dðx; tÞ
dðx; tÞ ¼ 0; @dðx; tÞ
The current model is simulated for the static case in ANSYS and then the deformation data along the fluidÀsolid interface are mapped into a path and recorded. This data provides the boundary condition for the diaphragm and is described in the later sections.
B. Fluid Analysis
The pressure fluctuations inside the pump chamber caused by the diaphragm's volumetric fluid displacement create a pressure difference across the two ends that drives the fluid. We assume that (1) the flow is two-dimensional, laminar, incompressible, and unsteady; and (2) the fluid is isothermal and Newtonian. Fluid modeling is done in FLUENT, a commercial fluid software that uses a finite volume solver to convert the governing NavierÀStokes differential equations at each node cell into algebraic equations that can be solved through iteration. The solution algorithm is displayed in Fig. 2 . In order to gain more insight on the fluid modeling, the continuity and momentum equations are represented mathematically as followsr
where r is the density of the fluid (water),Ṽ is the velocity vector, P is the pressure, and m is the dynamic viscosity of fluid. The convective terms are dropped because viscous effects are dominant, as the Reynolds number is low. The boundary conditions are: no slip at the fluidÀwall and fluidÀdiaphragm interface, inlet pressure at the inlet, and outlet pressure at the outlet, as illustrated in Fig. 3 . A moving wall boundary condition is imposed on the diaphragm with its motion described in the following subsection. Since the pump is symmetric, only half of the original domain is chosen as the computational geometry and a symmetry condition is applied at the line of division. 
C. Moving Diaphragm Boundary Conditions
In this study the instantaneous harmonic profile of the diaphragm is a function of space and time. In what follows, there is a description of the mathematics used to provide diaphragm deformation at a shifted and rotated coordinate system. Consider a rectangular coordinate system with the origin at 
For the deformation in the rotated coordinate system, d 0 ðx 0 ; tÞ, the first mode of the deformation is considered. The deformations are computed using a static analysis in ANSYS and then fitted using a four parameter Gaussian curve represented as
where X, Y, a, b are the parameters whose values are obtained for individual diaphragms. This deformation equation is then transformed back to the global coordinates and applied as a boundary condition to the fluid simulations using the user defined function macro DEFINE_GRID_MOTION in FLUENT.
D. Flow Rate Measurement
Once the transients have died out after a sufficient number of iterations, the mass flow rate is calculated using the following formula 
where T is the time period and _ mðtÞ is the instantaneous mass flow rate. The integration is done numerically using the trapezoidal rule to compute mass flow rate.
NEURAL NETWORKS
In this study, neural networks are used to provide understanding complex relationship between input design variables and output flow rate. Neural networks (NNs) are intelligent arithmetic computing elements that can represent complex functions with continuous-valued as well as discrete outputs, and large number of noisy inputs, by learning from examples [26, 27] . The network uses systems of nonlinear basis functions to relate the input to the desired output. Neural networks consist of arrays of processing elements called neurons or nodes. Each neuron is connected to other neurons by means of directed communication links, called synapses, each with an associated weight. Each synapse is given a weight factor that is determined after the network is trained. Weights are the primary means of long-term storage in neural networks, and learning usually takes place by updating these weights. The weights are adjusted so as to bring the network's input/output behavior more in line with that of the phenomena being modeled by the network. Artificial neural networks are used in many cases as a black box: a certain input should produce a desired output, but how the network achieves this result is left to a self-organizing process. In general, we are interested in mapping an n-dimensional real input ðx 1 ; x 2 ; . . . ; x n Þ to an m-dimensional real output ðy 1 ; y 2 ; . . . ; y m Þ.
A multilayer feed-forward ANN with back-propagation learning algorithm is developed to represent the mass flow rate as a function of three lengths D 1 ; D 2 ; D 3 and frequency of actuation f of the micropump. The network is developed with the MATLAB Neural Network Toolbox using the 'newff' function. The learning rate was set reasonably low at 0.05 to ensure convergence of the algorithm. There are many transfer functions available in MATLAB software. After some experimentation, the "logsig" transfer function was chosen for the hidden layers and the output neurons, due to nature of the desired outputs. The network has four input nodes that define the lengths and frequency, and one output node for the average mass flow rate _ m avg in a cycle. There are two hidden layers in the network, both with 12 nodes. This configuration was reached after a few iterations of a single hidden layer network proved to give less than adequate results. Two layer deep nested loops were used in an exhaustive search that varied the number of neurons in the first and second hidden layer, and found the appropriate combination (12-12) that best trained the network. Therefore, 4-12-12-1 neural network architecture was developed and trained and tested to validate the model.
GENETIC ALGORITHMS
Genetic algorithms are used for the optimization in the present work, with the objective function being modeled by the neural network. The basic underlying principle of the genetic algorithm is Darwin's evolutionary principle of genetics and natural selection [28] . A genetic algorithm (GA) allows a population composed of many members to evolve in a manner and selection rules that maximizes the "fitness", that is, it minimizes the cost function. The fittest members in each generation survive and are allowed to produce offspring that form the next generation.
In many practical problems, variational methods can be used to determine the optimal shape, provided an appropriate variational principle exists. Most shape optimization problems of practical interest, however, are not amenable to the method of variational calculus, and a recourse to methods involving more sophisticated and discrete functional, such as one determined by an artificial neural network, is necessary [29] .
GA in the current problem is performed using 'gatool' (Genetic Algorithm Toolbox) in MATLAB. It is a state of the art toolbox that can perform genetic computations easily and accurately. The objective functional here is of the form
where sim(net, d) denotes the value of the flow rate computed from the neural network, d being the vector of design variables
and _ m t is the targeted flow rate. The outputs and inputs are scaled from 0.1-0.9 with respect to maximum and minimum values. There are four variables as input and their maximum and minimum scaled values are 0.9 and 0.1, respectively. The population size was set to 20, with the crossover function as set to Gaussian and crossover fraction as 0.8. The mutation function was chosen to be Gaussian with maximum generations set as 100 and tolerance level as 10 À6 . Optimization is performed and it is terminated as soon as the fitness function is minimized to the value of zero. Consequently, the flow rate is the desired one and the output table lists the values of the four parameters. Note that since the process is completely random and there could be many solutions possible to the above objective functional, we report only one of the answers from the solution domain provided by GA. Each time the optimization is performed, there is a likelihood that the results might be different. MATLAB helps provide a comprehensive way to use the genetic algorithm optimization toolbox.
RESULTS AND DISCUSSION
This section presents and discusses the numerical results from structuralÀfluid coupling, the training and testing of artificial neural networks (ANN), and the final optimization using genetic algorithms (GA). Table I . This trained neural network is then tested and used for population generation using the GA optimization method.
A. Validation
Since there are no analytical results or preexisting numerical simulations for the above specified pump design, therefore the validation of the flow driven by moving walls is done by solving an analytic model of viscous flow in a 2D channel of length L and height 2H driven by deforming boundaries. This model is then compared with the CFD results predicted by FLUENT. The fluid is assumed to be Newtonian, and the flow is assumed to be unsteady laminar, and highly viscous. Deformation at walls y ¼ AEH is given by
where o is the circular frequency, A max is the applied displacement, and L¼ 4 mm is the length of the channel. Solution of the NavierÀStokes equations analytically [30] where a ¼ ffiffiffiffiffiffiffiffiffi ffi jo=n p ; where o is the circular frequency, H ¼ 150 mm is the half channel width, k ¼ p=L is the wave number, and < denotes the real part of the complex number. The actuating frequency f is 1 Hz. Velocity profiles are plotted at x/L ¼ 0.25 for t/T ¼ 0.5 and the results displayed in Fig. 4 are compared with the analytical solution where a close match is observed.
B. Coupled Simulation Results
The deformation of the diaphragms for five different geometries in the shifted and rotated coordinate system is recorded. These data are then modeled using Equation (8) . The maximum values of deformation of the diaphragms are listed in Table II . Deformation of the four diaphragms in the initial design shows a Gaussian nature. Hence, use of Equation (8) in modeling all of these deformations is justified. These deformations resemble the first mode shape of oscillation. Hence, the simulation model serves the analytical calculation of the deformations and hence the fitted model of deformation is justified to be used as the boundary condition for the fluid domain.
The element size of the mesh is chosen to be 0.0002 in GAMBIT after the mesh independence study. Fig. 5 displays the pressure contours at different times for the initial design at an operating frequency of 1 Hz. These times are chosen to be every quarter step of the pumping cycle. The choice is based on the reasoning that every quarter step of the complete cycle, there is a significant change in the wall motions of the four diaphragms, since they are at a phase lag of 90
. From the contours, it is clear that when the localized chamber pressure becomes less than the working pressure (i.e., atmospheric pressure), then the walls move inside the fluid chamber to compensate for the pressure drop. In other words, the pressure is higher when the wall moves outside the fluid chamber, and is less, both relative to the atmospheric pressure, when the walls move inside the fluid chamber. Fig. 5(a) shows the pressure contours at t=T ¼ 0:25. At this point in the cycle, diaphragm 1 is in expansion mode, diaphragm 3 is in contraction mode, while diaphragms 2 and 4 are not deflected but have velocities in opposite directions. Diaphragms 1 & 3 have zero velocities due to highest local pressure around diaphragm 1 and lowest local pressure around diaphragm 3.
At t=T ¼ 0:5, diaphragms 1 and 3 come to the neutral undeflected position with velocities in opposite directions, while diaphragms 2 and 4 reach their maximum deformation position with zero wall velocity. Although the local pressure decreases around diaphragm 3, which is in the contraction stroke, a relatively high pressure is built around diaphragm 2. The maximum pressure is still around diaphragm 1 in the entire pump chamber as represented by Fig. 5(b) . The openings are at relatively higher pressure than atmospheric pressure, which results in fluid coming into the pump chamber.
At t=T ¼ 0:75, the entire pump is at 180 phase difference from the t=T ¼ 0:25 instant. Diaphragms 1 and 3 switch their positions from expansion mode to expulsion mode and vice versa. Fig. 5(c) displays the total pressure contours at this time instant, which shows there is a high-pressure zone at diaphragm 3 and low-pressure zone at diaphragm 1. The last contour is for the instant t=T ¼ 1:0, when the frequency cycle is completed. Diaphragms 1 and 3 are in the neutral position while diaphragm 4 and diaphragm 2 are deflected. The highest pressure occurs in the vicinity of diaphragm 4, as displayed in Fig. 5(d) . Furthermore, four positions in the geometry at the mid points of the diaphragm are picked and the x-velocity, being one of the primitive variables in the NavierÀStokes equations, is plotted against the height from the symmetry line. It is seen from Fig. 6 that the x-velocity in many of the cases either represents a change in sign or has a stationary point, consequently indicating the existence of complicated recirculation zones in the interior of the pump chamber. Especially at diaphragm 3, the presence of recirculation zones at each quarter part of the cycle is clearly evident in Fig. 6(c) .
The consecutive high and low pressures indicate that the flow patterns should be complicated and pulsating, therefore the flow rates oscillate from the inlet and the outlet openings, but there is a net flow when they are integrated over the complete cycle. The flow rate time history for the frequency 1 Hz is displayed in Fig. 7 . The inlet and the outlet mass flow rates exhibit the periodic nature of the flow with the time period that is the same as that of the actuating diaphragms. Fig. 8 shows the parametric result of the average mass flow rate per second from the micropump with the actuating frequency. The peak in this curve indicates that the flow rate increases up to the optimum frequency, and then it decreases with further increase in the actuating frequency.
The other four geometries show the same nature of the flow, the primitive variables such as pressure show the same phenomenon of decrease and increase in their values as compared with the atmospheric pressure due to the wall motion. The velocity patterns exhibit a complicated nature, and the recirculation zones are present in different parts of the pump chamber. These results are not presented here for brevity. The inlet and outlet flow rates represent the periodic nature in all other four geometries and the presence of a peak in every parametric curve of the flow rate versus actuating frequency is confirmed. Hence, the conclusion that minor perturbations do not disturb the nature of the flow can be drawn. Only the time averaged flow rates over a cycle are affected due to the change in geometry. This is utilized in designing the micropump that can deliver, in exact amount, the fluid required to move from one point to another. 
C. Optimization Results
In this section, training and validation of the neural network used for the learning of the relationship between the flow rate and the four parameters, that is, the three lengths and the actuating frequency, with optimized geometry results are discussed. The input Àoutput data are sorted in terms of maximum to minimum and then scaled from 0.1-0.9. The data are introduced to the network iteratively, so that the trained network is accurate and robust. The error for training of the newff function in MATLAB is set to be 5 · 10 À6 . After 640 iterations, convergence is met. For validation of the trained network, 13 cases are considered that were not exposed to the network while training and the values of the flow rate are predicted using the network by providing the input parameters to the network. Then these simulated values are compared against the FLU-ENT simulated values. The predicted values match the actual values with a root mean square error of 0.0083. In other words, the results are 99.17% accurate or the R 2 value of the regression is 0.9835. Since this value is very good, we choose the 4-12-12-1 configuration neural network as a reasonably accurate model for the prediction of flow rate. Three values of flow rates are selected, and a global search for the values of input parameters is performed using GA. The converged results are presented in Table III . The error in prediction of flow rate is less than 5%. For a 50 mm thick channel, these values are on the order of 2 mL to 30 mL, which are suitable for microelectronics cooling and drug delivery. The dimensions of these three geometries are presented in Fig. 9 . Streamlines at t=T ¼ 0.75 for three optimized geometries are displayed in Fig. 10 . 
CONCLUSIONS
A methodology based on genetic algorithms coupled with neural networks for optimizing the shape and frequency of actuation in order to achieve a specific flow rate from a micropump has been presented. The micropump consists of four nozzle/ diffuser shaped moving actuators that propel the fluid in one direction by operating under a phase difference. The micropump is modeled by coupling the physics of solid deformations to computational fluid dynamics. Validation for the moving walls of the micropump driven flow is investigated by comparing the CFD results with exact solution derived for flow in a 2D channel. A coupled fluidÀstructure interaction analysis is performed that uses neural networks and genetic algorithms for shape optimization. Predictions from genetic algorithms match closely (95%) with numerically simulated results. The optimized designs could be used in multiple applications depending upon the flow rate requirements, like microelectronics cooling and drug delivery. However, these geometries need further studies to address fabrication and manufacturing issues.
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